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Embodied (Physical) Al: Artificial Intelligence Everywhere

Nano-Drone Smart Glasses
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Energy Efficiency is key!
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Rich, Heterogeneous Sensing
Multiple sensors enable visual and contextual awareness

7X GLOBAL NAVIGATION 12 MP RGB
AMBIENT SPATIAL SATELLITE SYSTEM CAMERA
LIGHT SENSOR uIcs 4X COMPUTER
@ .S ; VISION CAMERAS
¢ ____________ ©) TIVE ALIGNVENT
: == RADIO

TRRCRR—, e g VISION
i 12 MP RGB camera

@ VAGNETOMETER ... i -- 4x CV cameras

BAROMETER R - 2X EVE TRACKING CAMERAS 2x eye-tracking
@ HEALTH SENSOR (PPG)

@ CONTACT MIC

Image adapted from Meta Project Aria Gen 2 documentation; background color modified.
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Efficiency Requirements for Wearable Intelligence
From smartphones to XR headsets to smart glasses

10
S
=1
2 1 lD
g ]
v Smartphone*
(@)
S 150-200 g, 18-24 hrs
>
< apps, camera, Al, connectivity

0.1 ~0.8 W
[*]: image courtesy: Samsung
0.01

5 10 15 20
Usage Time [Hours]
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https://www.meta.com/ch/en/ai-glasses/meta-ray-ban-display-glasses-and-neural-band/

Efficiency Requirements for Wearable Intelligence
From smartphones to XR headsets to smart glasses

10
S  XR headset*
500-800 g, 2-3 hrs
graphics, vision, tracking
3 . ~7TW
ag: [ | ID
v Smartphone
(@)]
£ ~0.8 W, 18 — 24 hrs
E
0.1
[*]: image courtesy: Apple Inc.
0.01
5 10 15 20
. T— Usage Time [Hours]
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https://www.meta.com/ch/en/ai-glasses/meta-ray-ban-display-glasses-and-neural-band/

Efficiency Requirements for Wearable Intelligence
From smartphones to XR headsets to smart glasses

10
B XR headset
~7W, 2 -3 hrs
5
= 1
‘1;’ [ | |D
0? |
v Smartphone
(@)]
S ~0.8 W, 18 — 24 hrs
E
01 Smart glass @
70 g, 6 hrs
always-on sensing, lightweight Al
~0.16 W*
[*]: Meta smart glasses specs; avg. power estimated as 960 mWh =+ 6 h = 160 mW.
0.01
5 10 15 20
irich T o AT ER STUDIORL Usage Time [Hours]
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https://www.meta.com/ch/en/ai-glasses/meta-ray-ban-display-glasses-and-neural-band/

Efficiency Requirements for Wearable Intelligence .%

From smartphones to XR headsets to smart glasses

10
B | XR headset
~7W, 2-3 hrs
2
= 1
2 )
v Smartphone
(@)
£ ~0.8 W, 18 - 24 hrs
Z
01 Smart glass More intelligence. Longer usage.
| 016W 6hrs \ J/ = TT=-=--_ Same power budget | Same form factor
' L T T el Energy efficiency | Area efficiency
~~~~~ »
Future
~0.1 W, 20+ hrs
0.01
5 10 15 20
. oy o ! Usage Time [Hours]
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Efficiency Requirements for Wearable Intelligence &
From perception to proactive agentic assistance

Illustrative energy-efficiency requirement for all-day Al glasses

500 GOP/s -y
- 16,667 GOP/s/\W 33
o S
200 GOP/s 23
104 4 6,667 GOP/ :
1 -6, S5V - S-
v ~ S‘
= 29
o) 50 GOP/s O
> o - 1,667 GOP/. N
O ~ >3
c 9 = <
§ 10°- S 3
q) [v] ] &3
o — = $S
O b 33
— u $5
G o 5 GOP/s )
G o - 167 GOP, S X
Q 5 83
z g5
< 2 =
> o 1071 (% N
1 ~
o]0} = ] 1 GOPJs 33
— J - 33 GOP/s S
CU 5 g
< 3
L = 3
3 3.
g 101 A
d ] )
0.1 GOP/s 7
1 - 3 GOP/ X
I <
Q
>
Assumption: ~1 Wh battery, 12 h wear, ~80 mW total average power; 30 mW central Al-compute budget. Shaded band = 15-60 mW Al budget.

T T T T T T
Always-on Audio context + Low-rate Continuous Spatial + multimodal Local multimodal
voice + IMU sensor fusion semantic vision visual perception context / memory agent

Increasing level of on-board contextual intelligence
Wearable Intelligence =
ALMA MATER STUDIORUM
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Efficiency Challenge

§

& ®
@ 7/10nm

¢ ¢ 16/14nm

o
22/20nm @

FinFET

+®

P

C® Efficient
| N\
GAAFET %

Model complexity

[AMD HotChips24]

Energy
Efficiency

Algorithm, Architecture, Design are key!

ETHzurich
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10x every ~2.5 years

Moore’s Law
10x every 12 years!




Efficiency via Heterogeneity: Multi-Domain Specialization

Brain-inspired: Multiple areas, different structure different function!
Somatosensory
Higher Mental Functions @ Association Area

Concentration Understanding of weight,
0 Planning texture, temperature, etc.

Judgment for recognizing and

Emotional expression comprehending an object

Creativity

Inhibition - Ability to

control self

Visual Areas
Sight
Ability to recognize

pictures
Awareness of size and
shape

<%, Motor Function Area
[ J] Eye movement and
S placement of eyes

Broca’s Area

Ability to talk
Ability to write

Multi-sensor Multi-modal
frame-based Perception Agentic
event-based reasoning

Motor Function Area
Ability to move
muscles

. Association Area
. Short-term memory
Emotion

@ Sensory Area

Touching and feeling
Audltqry Area

6 riearng FUNCTIONAL AREAS OF THE CEREBELLUM

Wernicke’s Area Motor Functions
Written and spoken Coordination of movement
language understanding Balance
Posture

) ALMA MATER STUDIORUM
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A Fast-Evolving Model Zoo B

POSITIONAL

RAW.ERGAIANAL ERfOaMG CLASSIFICATION .‘TJC-!:‘”\“J-'J"'ﬁ’-K =5
[Z. Sun et al.] MobileBERT P “mx*r - e — "
|".‘ H=8, d=32
Encoder Transformer L R T m——n
4 oo s E & ot A0S DADD&NDRM
FB-T8 ;,J_ w .ff, **ﬁ‘ \dpa,, S| S0 | 1| - 52047
ropshy ALY N, (] ;.':.W so | s1| .. | s2047 FEED FORARD
“' i.‘k.:l' + sarﬁéz L
85 windoiv EMBEDDING STAGE ENCODER STAGE MLP
[P. Busia et al.] EEGFormer Ny spescn i e o
Encoder Transformer W -b l§ 1.8 Ef e
Denoised Speech Signal [ it i l ! E |
=
“'“‘ m;Denorser
wkiad & 0 rlLu:aILhMA 4 mo, ago wm
Attention [M. RUSCI et al.] TinyDenoiser
t 4 4 llama2.c running on galixy watch 4 (tiny 44m
model) Recurrent NN
\ T |) =

[M. Oquab et al.] Auto-regressive Transformers

Encoder Transformer

o~ ALMA MATER STUDIORUM
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Kraken: 22FDX SoC, Multi-Domain Specific Architecture Q%

The Kraken: an “Extreme Edge” Brain

) 3000 um R
e RISC-V Cluster T N L R RN Technology 22 nm EDSOI
8 Compute cores +1 DMA core
: 2
. CUTIE Chip Area 9 mm
Dense ternary-neural-network SRAM SoC 1 MiB
accelerator SRAM Cluster | 128 KiB
" SNE 3 VDD range 0.55V-0.8V
Energy-proportional spiking- g
o ~
neural-network accelerator Sl Ay SE2
SNE Freq ~250 MHz
CUTIE Freq ~140 MHz

PTtioN
m . h CEHIEE) ALMA MATER STUDIORUM
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[Scherer et al. TCAD22] 10000

CUTIE: Perception from Frame Sensors ¢X

2 Popcou‘int units \

1000

S
o (@) =
Ternary Activations = Z 100
(2bits) Q =
<
BN BN BN BN o
10
Ternary Weights __|
(2bits) Il 864 Ternary Multipliers
G ¥ Muitip J

Output channel compute unit (OCU) sinareve 6] ({50
 Completely Unrolled Ternary Neural Inference Engine: K x K window, all input channels, cycle-by-cycle sliding
* One Output Compute Unit (OCU) computes one output activation per cycle!

e Zeros in weights and activations, spatial smoothness of activations reduce switching activity

1fJ/MAC (1POP/s/W)
Ternary OPS

o~ LMA MATER STUDIORUM
mzurICh < JNIVERSITA DI BOLOGNA 13
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SNE: Perception from Event Sensors

Event Sensors — DVS camera

. 10000
Ultra-low latency Synaptlc‘ Leaky Integrate & Fire (LIF) neuron
Energy- proportional interface ~ connection
Event Stream
’ 1000 »
=
3 S
) 2100
:
t o %— 1x1xTtensor ©
’ c© - o per output neuron
4 s E R - L
A : convolutional, £ £ &
{ , TR t
y3 % 3 x T Event-Frame patch 3 x 3 kernels 2
List of Coordinate (COO) SNN’s neuron processing element (PE) 1
A more complex dynamic than conventional DNNs neurons: Tianjic (5] {5NEY
* Membrane Potential Accumulation/Activation 1x SynAcc = 1x 4b-ADD + 1TSyOp/S/W

* Membrane Potential decay 1x SynDec = (1x 8b-MUL) + (1x 8b-MUL + 1x 8b-ADD)
ETH:zurich
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More Flexibility: Domain-Specific RV32 Core (PE)

P, RISC-\/" Instruction set: open and extensible by construction (great!)

+®

8-bit Convolution

— Vanilla Specialized for Al 2 Mixed precision SIMD (16-2bit)
(\ addi a0,a0,1
addi  t1,t1,1 ﬁ Init NN-RF (outside of the loop) RISC-V
addi  t3,t3,1 Ip.setup
addi t4,t4,1 core N/4 pv.nnsdotup.h s0,ax1,9 core
lbu a7,-1(a0) pv.nnsdotsp.b s1, aw2, 0
N lbu  a6,-1(t4) pv.nnsdotsp.b s2, aw4, 2
lbu  a5,-1(t3) pv.nnsdotsp.b s3, aw3, 4
lbu  t5,-1(t1) pv.nnsdotsp.b s4, ax1, 14
mul sl1,a7,a6 nd
mul a7,a7,a5 Ve
add s0,s0,s1
mul  a6,a6,t5
add t0,t0,a7 . . .
mul  a5,a5,t5 15x less instructions than Vanilla
add t2,t2,a6 .y .
add  6,t6,a5 90%+ ALU Utilization

\/bne s5,a0,1c000bc

Specialization Cost: Power, Area: 1.5x Time 15xJ, 2 E=PT 10x |,
ETH:zurich
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A Cluster of Domain Specific Cores

10000
m float 32b int32

Tightly Coupled Data Memory mint 8b int 4b

Hint 2b

o »

=

—

< 100

o

| |

| |

interconnect

1
Vega [7] (Rlscl-(\rfalc(?ﬂster )
1TOP/s/W
HOST CLUSTER /s/
2b/4b OPS
ETHzirich = oo iy



Tightly Coupled Data Memory

Mem Mem Mem Mem Mem

s
(@}
()
c
c
@)
(]
| .
Q
o+

=

HOST CLUSTER

T

o X0 ALMA MATER STUDIORUM
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HWPE: Reconfigurable Binary Engine
Y(kout) = quant< S“ S“ S“ Zizj(wbin(kouttkin) ® xbin(kin))>

i=0.M j=0.N kin,

RBE Block

Fmap Buffer

= = Peak throughput

m m BinConv BinConv 10368=9x9x4x32
reduction reduction

=

m m BinConv BinConv

7

A\

Wa@j1 11 wo.f/o}
* 3§

(319 Zexe) Mun 1S/a1 103097

> 9X9 a rray _ statlonary (32b)
o3 .6 5 4 3 2 1 0
! 5 BinC
31 31
/ R s
(L) i
- 6 ] - 16
« CF+
ﬂ ﬂ E 0 5 .......... ' 5
3. ‘\\h .I4 i ] 44
0 = weights’ | _ psum
—) 3 Qo streamed |3 » 3 streamed
- 2 3 (320) 1, S B 2
;. | L E— :',' 41
. 0o »0 |

Energy efficiency 10-20x (0.1pJ/OP) w.r.t. SW on cluster @same accuracy

o~ MA MATER STUDIORUM
E'HZUFICh IVERSITA DI BOLOGNA 18




Specialization in Perspective: Amdahl’s Law

Using 22FDX tech, NT@0.6V, High utilization, minimal 10 & overhead

Energy-Efficient RV Core - 20pJ (8bit)

fhost.-,‘ faccl facc2
1 :
ISA-based 10-20x = 1pJ (4bit) @
anch
‘ >1
Tightly coupled 10-20x - 100f) (4bit) ¥

Y =
Decoupled 100x - 1fJ (ternary) A

acc2

Specialization game: efficiency vs. utilization Tradeoff
mzuriCh U‘\lI\/l“lm‘il‘.\i\l.!ll.é\l{[:.\J :\I(!))I‘.E;EQLIQ\:Q 19



Generative Al Scaling Laws

o1 AIME accuracy o1 AIME accuracy
during training at test time
100 - 100 -
80 + 80 -
[ ]
> b >
& &
S 60 1 ® L S 60 ] ®
O ® 0
&) () ® @)
@ cU
® . ®
9 40 9w 40 A
cU M
Q ° Q
[
20 - 201 ®
0 0

train-time compute (log scale) test-time compute((log scale)
[openai.com/index/learning-to-reason-with-lims/]

ETH:zirich L
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Scalability in Perspective: Patterson (roofline), Little Laws .%

BW Full | Mean jobs in system = arrival rate x mean response time |
limited utilization

Hide latency (1*on-chip memory) ‘
BufferSize (B) = Bandwidth (B/s) x Latency (s)

Increase locality (1> on-chip memory)

Performance [GF/s]

Eg. 1KB/ns x 100 (ns) = 100KB

v

2\ ALMA MATER STUDIORUM
& UNIVERSITA DI BOLOGNA 21
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Latency Tolerance: The Snitch Core

Snitch: tiny (20KGE), extensible RV core

» Extensible through accelerator port

Memory Memory

_ a[0] a[1] a[2] a[3] Snitch
Mem Req: b[0] b[1] b[2] b[3] [ . = B Score- N RV32|
. a[0] a[1] a[2] a[3] Core

Mem Resp: b0] b[1] b2] b[3] o -

EPU- FMA | FMA | FMA FMA E _:-c' )
' [0] [1] [2] [3] S 0 Regfile

S ©

i o

(7))

—— Cycles

 Latency-tolerant through scoreboard+ld/st queue
—> can issue ~10 non-blocking memOPs

» Tolerates 10 cycles of memory latency (Little’s law)

ALMA MATER STUDIORUM
{2 UNIVERSITA DI BOLOGNA 22
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Latency Tolerance: The Smart Data Mover

« Snitch compute cores
* SIMD, Vector, Matrix etension
« Latency tolerant

L1 Shared TCDM

* Less than 10 cycles latency shared scratchpad

SB2 SuperBank 3
BO | B8 | B16 | B23| - B31
77 , aan -‘
€ hared L1 Scratchpad Crossbar

; cco cc1 CC
=\ g LOI$ LO I$

« Shared I-cache and peripherals

 DMA engine

64b AXI Crossbar

« 512b interface to interconnect
Shared L1 1$

« HW support for autonomous multi dim. transfers

« Shared DMA (10% overhead) for latency
tolerance of L2+->L1: 100s vs 10s cycles

i ZeroMemory 512b AXI Crossbar

ALMA MATER STUDIORUM
NIVERSITA DI BOLOGNA 23
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On-Chip Buffering: Bandwidth and Capacity

N-EUREK

A

weight streamer

Register
&Control

Input
Bu%fer

Input
Buﬁ)‘fer

L1 streamer

= - ’288-bit
Shallow Interconnec

4x banks
Z~

16 K
SRAT.

4x banks
Vst

L1 RAM (256 ki'E'a')?l

N-Eureka (Specialization)
CNN workloads (3 x 3, DW, PW)

2 — 8-bit weight, 8-bit input, 32-bit accumulation
parametric PEs (288 x 1 x 8-bit multipliers)
input buffer - data reuse

memory-mapped config (2x contexts)

L1 streamer (288-bit/cycle)

weight streamer - utilization 1

[ Shallow interconnect (wide, contiguous)

000—0
Low—Latenc%logarithmic Interconnect (32-bit)

[ L1 memory (multi-banked, interleaved)

Logarithmic interconnect (narrow, flexible)

1IJ | I | I

|

Twrscv 1l Triscv 1
lor_f (<F L8 ALMA MATER STUDIORUM
E'HZUI”ICh % 5 UNIVERSITA DI BOLOGNA

[rscv 11

——————————————— o ittt

[wscv 1]

[ DSP-enhanced cores (octa-core)

24



On-Chip Buffering: Bandwidth and Capacity

ter |—
trol

Bl

ETHzurich

Does peak performance translate to end-to-end system performance?

[ Specialization = N-Eureka CNN engine

\

[ Shallow interconnect (wide, contiguous)

L1 memory (multi-banked, interleaved)

Logarithmic interconnect (narrow, flexible)

\

LMA MATER STUDIORUM
JNIVERSITA DI BOLOGNA

PEAK PERFORMANCE

Cores 8-bit 28.4 GOp/s RS

THROUGHPUT

N-Eureka
8-bit (L1) 600 GOp/s 21x
N-Eureka
2-bit (L1) 1330 GOp/s 47 %
10 GOpl/s 100 GOp/s 1 TOpl/s y.
ENERGY EFFICIENCY
Cores 8-bit 0.31 TOp/) B3
N-Eureka
8-bit (L1) 2.47 TOp/) 8x
N-Eureka
2-bit (L1) 6.47 TOp/) 21x
1TOp/J 10 TOpld 4

25



On-Chip Buffering: Bandwidth and Capacity

t Beyond compute:

off-chip memory access limits both
latency and energy

[ Specialization = N-Eureka CNN engine

[ Shallow interconnect (wide, contiguous)

L1 memory (multi-banked, interleaved)

Bl

Logarithmic interconnect (narrow, flexible)

ALMA MATER STUDIORUM
NIVERSITA DI BOLOGNA

ETHzurich

END TO END PERFORMANCE

ENERGY
baseline mJ
0 1 2 3 4 )
LATENCY
baseline ms
0 5 10 15 20 y
PEAK PERFORMANCE
THROUGHPUT
Cores 8-bit 28.4 GOp/s 1x
N-Eureka
8-bit (L1) 600 GOp/s 21x
'\'ziilftr(eﬁa) 1330 GOp/s ENES
10 GOpl/s 100 GOp/s 1 TOpl/s y.
ENERGY EFFICIENCY
Cores 8-bit 0.31TOp/) RHES
N-Eureka
8-bit (L1) 2.47 TOp/) 8x

N-Eureka
2-bit (L1)

6.47 TOp/)

1 TOp/J

21x

10 TOpld 4

26



At-Memory Computing

Specialize! Not only Compute, but also Interconnect, Memory

e ~, —Neural Memory System N-EUREKA
MRAM (4 MiB): | E | MRAM Interconnglfi‘t_o | i | | || || Jose | | [Register |~
* non-volatile - retain data i4x 572K18 8004 5)2KiB A0 coel | 1] T T | | &Control
* high density = store more data P ~5
o (~ : 2 MiB 2 MiB , e | | [ | | | | .- | | | Input
* extremely slow write (~10x) I [STT-MRAM STT-MRAM : 5 Buffer
s slow read (v2x) i R = 1 I 1 |- 1
1 —
K | R_Cpipeline Iogicam_c ! = Input
e H S Buffer
= 1 . JC 1L
N S (T S e
‘ L1 streamer
— - . 288-bit
Shallow'Interconnec
OO0 OO0 OO0 OO
4x banks {110 4x banks {1 0
- “~
16 Ki 16, o
L1 RAM (256 KiB
SRAI7 ( SR )I
O
g%" Low—LatencAlogarithmic Interconnect (32-bit)
——————————————————————————————— o e ettt e kkatat
50 I ) I ! I ; :
o [io [wscv 1l Trscv 1l Trscw 11
ETH:zurich 2 UNIVERSITA DI BOLOGNA 27



At-Memory Computing

Specialize! Not only Compute, but also Interconnect, Memory

- N [ Neural Memory System. N-EUREKA
MRAM (4 MiB): L MRAM |nterconngﬁt_c o 1 1 1 |- | [Register |~
*  non-volatile = retain data i4x 5]2Ki8 0 4x 512K|B =0 CDC= | 1 1] 1] | | | &Control
* high density > store more data - :)—Zss'b“ s |
. i 2 MiB 2 MiB = = N | | | | | | |- | | nput
* extremely slow write (~10x) I [STT-MRAM STT-MRAM P 5 Buffer
+ slow read (~2x) i S = 1 I 1 |- 1
\_ i o i = g 2 : S - Input
7 l__l_______f_p ______ I | 2 ) ) ) ) ’ ) Buffer
e (<%
SRAM (4 MiB): Cmmmmmmmmmmmemmmeemmeemmo 2 E‘i*’ﬂ.l — N I I e
. . . | SRAM Interconpect I
« dynamic activation storage : i i | I [ P e
1
* optionally weight storage i 1MiB 1MiB 1 MiB 1MiB E
\ I | SrAM SRAM SRAM SrRAM |} ‘ [T —
i i
~ - . 288-bit
Shallow Interconnec
8008 8008 00,00 0000
4x banks |1 4x banks ' U
Z i
16 K" 16, K518
LT RAM (256 KiB
SRAIV ( SR )I
©
g%" Low—LatencAlogarithmic Interconnect (32-bit)
50 °©  p——— — e e _ [l |
. T o) | riscv | I [Riscv 1 [Riscv 1 [Riscv 11 i
ETH:zurich | ORNERAITA D1 HOLOGRA )8



At-Memory Computing

Specialize! Not only Compute, but also Interconnect, Memory

MRAM (4 MiB):
non-volatile, high density weight memory

N

SRAM (4 MiB):
dynamic activation, optionally weight

‘Before

\,

y

Ve

After (NP

50 R D =
.. @ Load weight
LT

\.

~N

| ALMA MATER STUDIORUM
' UNIVERSITA DI BOLOGNA

ETH:zurich

16 K
SRA.

')

LT RAM

Vi

(256 KiB)’

D I\N\IV

—— Neural Memory System N-EUREKA
MRAM Interconnect I | | | | | | | --- | | | Register L}
4% 512KiB &Control
| [ b I N e
; A Input
2 MiB S e
kT MRAM 5 L I I 1 1L | " guer
=11 ([ L I |- 1
pipeline logic IS : Input
______________________________ % Buffer
T T 1) e Y
| SRAM Interconpect
e — [ O O - [
i | 1w 1MiB 1 MiB
1| sram SRAM SRAM ‘ L1 streamer
i
~ 288-bit
OO0 OO0

T Rsov 1

S

al

al

[rscv 1

29



At-Memory Computing

PEAK PERFORMANCE

N-Eureka
8-bit (L1) 600 GOp/s 21x
N-Eureka
2-bit (L1) 1330 GOp/s 47x%

N-Eureka
2-bit (At-MRAM) 1940 GOp/s [s1e3s

4 MiB MRAM
4 MiB SRAM Tile Memory Weight Memory

Specialize! Not only Compute, but also Interconnect, Memo ry SIRACUSA
END-TO-END PERFORMANCE ~
Wﬁﬁ'gﬂg@,{m 2.8% more efficient vs off-chip ENERGY %
off-chip ([ENEII_ ~55% off-chip
baseline mJ f A
0 1 2 & ) E
wﬁﬁ-sﬁleﬁécm 1.7x faster vs off-chip LATENCY :
baseline ms =
0 5 10 15 20 ) :

TECH AREA FREQUENCY POWER
10 GOp/s 100 GOpl/s 1 TOp/s J 16 nm 16 mm? 210 - 360 MHz 151 - 332 mW

Cores 8-bit 0.31 TOp/) RS ENERGY EFFICIENCY
N-Eureka i i -bhi
S 2.47 T0p/) 8x Comparison with SoA (8-bit)

mmn | () (e ) ()
2-bit (At-MRAM) 8.84 TOp/) [EPASES throughput energy efficiency area efficiency

1 TOp/J 10 TOp/J 4
ETH:zurich UNIVERSITA DI BOLOGNA 30




Flexible Domain-Specific Architecture

Multiple dimensions for Specialization
Extensions to processor cores

ISA extension Local, Global, Off-Chip Interconnect

Same LO (RF)

External L2
T E = Memory AT mem mem mem mem mem mem
ensor Engines
g Controller i bank bank bank bank bank bank
ISA extension or fast offload
L2 memory | DMA

Decoupled LO

L2 RV RV RV RV ACC ACC
Decoupled Accelerators g Mot Accelerator core core core core #1 #2

core
- : #2

Explicit Coarse Grained offoad EXT EXT EXT EXT

L2
Decoupled L1 Peripherals | Accelerator Instruction Cache |

#M Cluster 1
Specialized Mem and Interco | Y ]\ y J | J

|
Multicast/reductions/compression Decoupled Computing cluster with tightly coupled accelerators
Host, L2, 13 10s accelerators
Compute near/in mem & NoC
ETH:zurich NIVERSITA DI BOLOGNA 31



Efficiency Requirements for Wearable Intelligence &
Where are we now? ;

Illustrative energy-efficiency requirement for all-day Al glasses

500 GOP/s
— 16,667 GOP/s/\W

200 GOP/s

104 4 - 6,667 GOP/s/\W

50 GOP/s
-+ 1,667 GOP/

SIRACUSA

103;

5 GOP/s
— 167 GOP,

102-:

1 GOP/s
= 33 GOF/s

Energy efficiency 2
Required effective Al energy efficiency (GOP/s/W)

10" 4

0.1 GOP/s
1 3 GOP/

Assumption: ~1 Wh battery, 12 h wear, ~80 mW total average power; 30 mW central Al-compute budget. Shaded band = 15-60 mW Al budget.

T T T T T T
Always-on Audio context + Low-rate Continuous Spatial + multimodal Local multimodal
voice + IMU sensor fusion semantic vision visual perception context / memory agent

Increasing level of on-board contextual intelligence

Wearable Intelligence =

UNIVERSITA DI BOLOGNA 32
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3D for Scale Up!

« Memory-on-Logic (MolL) implementation of the cluster
« With 1, 2,4, 8 MiB of L1 on a second stacked die

 More memory on the same x-y area

S S 3 SO G T O

l!.!.“ N ¥ G S D GO O S '!i
Ilﬁlt W D 5 O O R D !ﬂMI
§ TR ¥R E® ) Lo WEEYURTY
5 18 AR K6 T[T REORE OBl §
i‘n» Wi O O ¢ A fllﬁli
§ I§ 48 F§ 4 BELORE OR]E

rro gl Ly
(a) MemPool-3D|pie. (b)) MemPool-3D4mig. (¢) MemPool-3DgMmiB.

ALMA MATER STUDIORUM
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Design Tools Support is Essential

[IMEC, Synopsys DATE25] 161ps
Memory macro placement Detailed placement of bottom, L Ton Die
- drives placement of 3D pins I_o_gic die driven by 3D pin x, s ]
= @ O O - E:
= a8 l i 5]
g O O = O m °
o = (] () O
[ | m O N O O Bottom Die
O : 0}
[ 1 | < . iz
i ™ N 15.9ps
E E g D [ &2 3 5nm
1T T - Accurate timin
3D pins are g ‘ I_E_H W:, “j I%l 3D mtlerﬁc | 'g’
mirrored due O ; o 3 N Bo . op Die
g g g }-ﬁlL H\ ‘D } ’ ‘ g Y ZDN \ Power [W] Internal Switching ™ Leakage
= = \_ll ’——‘_E ] | o
. e ! ” ml = [ J{ ] Zero Delay Cells & Nets
. _ (TP T ]

(ZDCs & ZDN)

Full physical design (Mol F2F)

Statistical 20% Workload Best Case  Workload Worst
Case

| ALMA MATER STUDIORUM
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Implementation: 2D vs. 3D

2D Baseline 3D Mol

128 KiB Footprint: 1.000
l 7% larger

256 KiB Footprint: 1.074

Footprint: 0.665
l Same footprint

Footprint: 0.665

512 KiB Footprint: 1.299 Footprint: 0.737

1 MiB Footprint: 1.572 Footprint: 0.857
14% smaller, despite 8x the L1 capacity!

Similar trends for Wire length and #Buffers

NIVERSITA DI BOLOGNA 35
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Can we Exploit the Extra L1? .%

 We can increase the L1 SPM capacity by 8, from 1 MiB to 8 MiB

« But does this have an impact in the cycle count performance results?

« Benchmark: matrix multiplication of two large M x M matrices that do not fitin L1
* Cycle-accurate simulation with Verilator
M is chosen to enable optimal tiling for all configurations

« Larger L1 means larger tiling sizes and fewer loading phases

* Do the fewer loading phases matter to our cycle-count results?

* The answer depends on the bandwidth on the main memory

PN
PN
R </ 32) ALMA MATER STUDIORUM
ETHziirich = o 36




Matrix Multiplication: Cycle-Count

Low L2 Bandwidth
* Speedup of 42%

« Memory-bound

High L2 Bandwidth
« Speedup of 8%

 Compute-bound

« Avg. L2 Bandwidth

ETHzirich =

« Speedup of 16%

175 ALMA MATER STUDIORUM
' UNIVERSITA DI BOLOGNA

20

Cycle count speedup [%]

<

—— 64 B /cycle
—— 16 B/cycle
»— 8 B/cycle

+3.2 Y +1.0 %
+3.8% —4 =..
—
+2. 8%
| | | |
1 MiB 2 MiB 4 MiB 8 MiB

MemPool’s SPM Capacity
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Performance

* 3D consistently outperforms 2D 10 ol 1%
« Smaller footprint leading to higher frequency E: . %ﬁ; %
'S +5.3% N N

g ’ g 5 % % e 2D

2 4 % N\ \ BE3D
 Larger L1 capacity - increased perf 5, % § %
» But only with 3D 5 _N . N

-2

I [ [
1 MiB 2MiB 4 MiB 8 MiB
MemPool’s SPM Capacity

RS

LI EFEEE) ALMA MATER STUDIORUM
ETHziurich -
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Energy Efficiency

* 3D consistently outperforms 2D

= 0
s,
« Smaller footprint leading to fewer buffers, g 10
shorter wire length, and smaller power ‘:; ) i
: 52D
consumption <
:§ 1 BEsD
E
[<F]
8% —20
g
c
| -30 | | | |

1 MiB 2MiB 4 MiB 8 MiB

MemPool’s SPM Capacity

Mol is a significant scale-up booster!

e ALMA MATER STUDIORUM
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This is where industry is going too!

3D Integration Enables a Path to AR Silicon

TSMC SoIC™ Bonds

3D-Stacked SRAM Access Energy (pJ/B)
0,03 9,13

)

r 0,95

B SoIC Bond M SoIC Driver
® Network-on-Chip 1 MB SRAM

- W W e w w w w

3D stacking for addressing the combined Power-Performance-Area challenges of AR SoCs within the
same 2D area footprint

Implemented a prototype 3D stacked AR SoC: Two 7nm dies, wafer-on-wafer face-to-face stacked at <
2um bonding pitch using TSMC SoIC™ bonding technology

Integrates 3D ML Accelerator, 3D Stacked SRAM, CPU for realistic model deployment

Meta — ISSCC24

2 ALMA MATER STUDIORUM
S/ UNIVERSITA DI BOLOGNA 40
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Towards sub-mW always-on interaction

Event-driven perception through visual wake-up

Until now

 afew 100 mW peak inference power

Is always-on rich perception
necessary? Often not — e.g. sitting
at a desk and working, rich
perception is not needed.

L )
Requirement

* Jlow 10s m\W average power or lower

o ALMA MATER STUDIORUM
INIVERSITA DI BOLOGNA

ETH:zurich

/

event-driven visual wake-up

A T ) 2 N REEEEAT |

@ visual wake-up ,>-,? main processing
domain system
* lightweight, ultra-low-power. gesture? | © full perception & compute.

\ 4

* watches for a specific gesture wakeup | stays asleep until woken, 2>
—> classification task. draws power when there are
interesting tasks to perceive

avg. sub-mw
\_ gesture classification ) \heavy compute asleep by default J
system power over time @ main system @ wake-up domain = - average
- time > /

41



Wakelet: hierarchical sensing

* No fixed duty cycle
« Responsiveness
« Compute capabilities

* No waste of energy

« Wakelet

* Wrapper for always-on accelerators
* Enhance accelerators with programmability
* Negligible power consumption

ALMA MATER STUDIORUM
NIVERSITA DI BOLOGNA

ETHzurich

Example Workflow - Wake Gesture

O
-

\ Ny
A.Iways-on \ I .
[Sensor+Compute] 6 : Triggered [AP]
// "\ 1 I 7
put \N‘al(enum Y Take nkeumlnlerrupl B -
plin '.i\sm; bed ~J | action [
l”m | L) request
< 1 mW o .
olh ethfomS C/
\ Application
=K1 Sensor processor

Source: Meta, ISSCC 2025 (Forum 5)

ISSCC 2022 / SESSION 5 / IMAGERS, RANGE SENSORS A

5.6 A4.9Mpixel Programmable-Resolution Multi-Purpose CMOS
Image Sensor for Computer Vision

Sony: 790 pW @ 1 fps high-res

42



Wakelet architecture

Accelerator domain

Data memor :
y CSRs Private accelerator
512B SCM censor
memory
. stream
9 data interface
2 g :
N = Snitch core
" .
start —-_ 3 rv32e Eo_n_f&g_}
wake-up <« - _ <
< instr. interface
Accelerator
Bootrom
512B SCM 128B
ALMA MATER STUDIORUM 43
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How big is Wakelet?

TSMC 7nm: 100 MHz/worst-case corner/only standard V,

Data memory

512B SCM CSRs

data interface

AXI Lite interco

n Snitch rare
akeap <. il 10 kGE

Bootrom
512B SCM 128B

ALMA MATER STUDIORUM
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So, is it low-power for real?

Power [mW]

ETH:zurich

1.2

1.0~

0.8

0.6 1

0.4 1

|
|
I
|
I
I
I
|
|
|
I
|
I
|
|
|
i
I
|
|
b
1
I
|

.‘- lerator config%

|
T

ALMA MATER STUDIORUM
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So, is it low-power for real?
100 MHz @ 0.585 V

Components
1.2 B HWPE Datamover (dynamic)
B HWPE Datamover (static)
B HWPE Infrastructure (dynamic)
104 B HWPE Infrastructure (static)
' B Activation memory (dynamic)
B Activation memory (static)
- B Minicluster Infrastructure (dynamic)
% 0.8 1 B Minicluster Infrastructure (static)
| -
Q
< 0.6
O
(a
0.4 1
0.2
0.0
1500 2000 2500 3000 3500 4000 4500 5000
Time [ns]
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So, is it low-power for real?

100 MHz @ 0.585V

Components
HWPE Datamover {dynamic)
HWPE Datamover (static)
HWPE Infrastructure (dynamic)
HWPE Infrastructure (static)
Activation memory (dynamic)
Activation memory (static)
Minicluster Infrastructure (dynamic)
Minicluster Infrastructure (static)

1.2

1.0~

0.8

Power [mW]

60uW

of which: < 1% static

1500 2000 2500 3000 3500 4000 4500 5000
Time [ns]
ETH:zurich ¢ ONIVERSITA DI BOLOGNA 47




Not only Sound and Images

BIOPOTENTIALS ULTRASOUND

w

oD ¢

m i h (s BLE) ALMA MATER STUDIORUM
zZUuric & /ERSITA DI BOLOGNA
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Not Only Smartglasses
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Our dream: Foundation Model(s) for Biosignals & US

Unlabeled Signals

< F,

Adapt to many tasks, with few labels

EEG, EOG
@ NI - Abnormal EEG @
) A | FeG Pretrain Once -
| ,f.h" O-H/_ ( ) I tagi
['} \ \{ EMG C sleep staging
I \ \'H' bl X
el T .
J,\ || EJS\ PPG Foundation model 7 Blood pressure
AW ANVANVANVA
(] ‘\ US pretrained on unlabeled 4 Gesture - EMG
\@( )k\wﬂ._« L signals )
§ N

Unlabeled Data l = T
P Tens-of-thousands of hours (10TB+) D @ EE} @ any more applications:
labels : Wellness, HMI, XR/AR, ...
on-device - wearables - MCUs =

Pretrain one foundation model on unlabeled signals, then adapt it with few labels

. - -’i'- ALMA MATER STUDIORUM
ETH:zUrich

NIVERSITA DI BOLOGNA
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The Future is Al-Boosted Extreme Co-design

ORORONC

Energy-Efficient RV Core = 20pJ (8bit) © & S Inner Product

3 o

ISA-based 10-20x = 1pJ (4bit) | |

‘ Al- boosted X)) (X Outer Product
EDA
Configurable DP 10-20x = 100f) (4bit)

. bbb

OO ®©OO® ®®»O®
Highly specialized DP 100x = 1fJ (ternary) °e - °o :. " :.

Precision tuning — OP/Mem tuning - deep arithmetic
optimization — 3D placement...

Co-Specialize SW, HW, EDA & Technology is the frontier & Open Platforms are Key!

vy £ER
ETHziurich -

£172) ALMA MATER STUDIORUM
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» youtube.com/pulp_platform

Thank You!

’ @pulp_platform



